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Health system performanceIntroduction: Investments of resources to purposively improve the movement of information between
health system providers are currently made with imperfect information. No inventories of system
-level electronic health information ﬂows currently exist, nor do measures of inter-organizational elec-
tronic information exchange.
Methods: Using Protégé 4, an open-source OWL Web ontology language editor and knowledge-based
framework, we formalized a model that decomposes inter-organizational electronic health information
ﬂow into derivative concepts such as diversity, breadth, volume, structure, standardization and connec-
tivity.
Results: The ontology was populated with data from a regional health system and the ﬂows were mea-
sured. Individual instance’s properties were inferred from their class associations as determined by their
data and object property rules. It was also possible to visualize interoperability activity for regional anal-
ysis and planning purposes. A property called Impact was created from the total number of patients or
clients that a health entity in the region served in a year, and the total number of health service providers
or organizations with whom it exchanged information in support of clinical decision-making, diagnosis or
treatment. Identifying providers with a high Impact but low Interoperability score could assist planners
and policy-makers to optimize technology investments intended to electronically share patient informa-
tion across the continuum of care. Finally, we demonstrated how linked ontologies were used to identify
logical inconsistencies in self-reported data for the study.
 2015 Elsevier Inc. All rights reserved.1. Introduction
While the use of local data management solutions (such as
EHRs, PACs, and pharmacy systems) are now very prevalent in hos-
pitals and other care provision settings [1], the investment in tech-
nologies to enable inter-provider exchange of information remains
low in the healthcare domain [2–5]. The fact that electronic infor-
mation often cannot ﬂow freely between providers represents an
obstacle to the vision of a fully integrated health system. The con-
sequences are felt, sometimes acutely. Providers make clinical
decisions based on partial information, service can be delayed
[6,7], and information is sometimes missing or received too late
to be useful [8,9].
While there is almost universal acceptance of the value of inte-
grated, electronic health information systems, investments toimprove the movement of electronic health information between
providers are often made with imperfect information. There do
not appear to be any inventories of regional digital information
ﬂow nor any broadly developed measures of inter-organizational
health information exchange [10]. Equally concerning is our lim-
ited understanding of the scope of, or capacity for, information
exchange between the sophisticated systems now common in hos-
pitals and medical clinics, and the massive amounts of siloed data
collected by other players in the system who are part of the circle
of care, such as pharmacies, home care providers, and allied health
care providers.
There is a clear need to be able to systematically describe and
then assess progress toward interoperability and information
exchange among healthcare providers. Without this ability, policy
makers, developers and users remain blind as to where investment
and effort is needed. This paper introduces a promising ﬁrst step to
help address this challenge by demonstrating how an ontological
approach to describing information ﬂows between disparate
healthcare systems can be unambiguously described and later
measured.
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An established body of literature exists that describes and tests
interoperability frameworks and models, a good portion of which
comes from the military and business domains [11–16].
Unfortunately, to date there is no framework or model to describe
system-level information ﬂows between organizations in the
healthcare sector. Moreover, the collection and analysis of large
amounts of data from heterogeneous sources presents numerous
challenges which are compounded when the data set is large and
complex, or needs to be systematically analyzed. In these cases it
is common to make data machine-readable (searchable and able
to be understood by computers) through the use of standardized,
unambiguous terminology for concepts in the knowledge base
(say by deﬁning ‘‘name’’ to mean surname), along with rules
(axioms) that impose constraints on the data (such as ‘‘name’’ can-
not contain integers) [17–20]. In practice, the localized implemen-
tation of terminology and rules (such as ‘‘name’’ in one setting may
or may not have the same meaning as ‘‘PatName’’ in another set-
ting) still limits the vision of an unambiguous, broad exchange of
health information. Semantic interoperability between clinical
information systems, where exchanged information is explicitly
understood by both sender and receiver, must occur if we wish
to achieve integration through ‘‘seamless data exchange’’ [21].
From a methodological perspective, the nature of distributed
data can make it equally challenging to assemble system-level per-
formance information to objectively assess the impact of policies
or investments that enable networked health information systems.
The tools used for the collection of such data often involve
self-reporting and questions that allow a subjective response, par-
ticularly where there are no independent sources of the data out-
side the reporting organization. Cognitive biases may impact the
quality of the data as a result [22]. Clearly, methods for automatic
cross-checking of self-reported data to ensure reliability are also
required [23].2.1. An ontological solution
A promising solution may lie in the use of an ontological
approach. This methodology allows for the conceptualization of
information ﬂows between providers. Furthermore, ﬂows that
can be modeled can also be measured – thus helping to solve the
associated performance measurement conundrum [10,24,25].
Ontologies in information science have their origins in artiﬁcial
intelligence where the lack of a common understanding of a
domain of interest presented a signiﬁcant barrier to building and
sharing accumulated knowledge bases, and thus to building inter-
operable systems [26]. Ontologies are an abstraction of reality;
they describe the concepts associated with a domain or artefact,
and through a systematic descriptive process highlight the interre-
lationships and constraints between those concepts [27]. The use
of ontologies in biomedical informatics is well established
[28,29], however in the performance measurement ﬁeld the
approach is nascent; thus sharing and collaborating to construct
common ontologies is an important component of developing this
domain [30].
In both their syntactical and semantic forms, ontologies allow
for formal deﬁnition and computation of the relationships between
objects being described. By employing an inference engine, or ‘‘rea-
soner’’, the asserted relationships between objects can be com-
puted. Any violation of axioms and logic constraints will be
identiﬁed [27]. The modular approach inherent in ontologies
(achieved through the use of a common vocabulary of representa-
tional terms and explicit declarative knowledge) means an ontol-
ogy is extendable for use with other related ontologies.Furthermore, ontological models are logically computable meaning
it is possible to infer new information based on the underlying
model [31].
While ontologies are common in biomedicine and are increas-
ingly used in designing controlled vocabularies [32] and reference
terminologies [33], there is little research into the use of ontologies
applied to health information systems themselves [34], or in sup-
port of healthcare performance measurement [35]. Without shared
or standardized lexical and semantic models, reliable and accurate
comparison of performance across sectors and geographic borders
is unachievable.
Here we explore the utility of an ontological model designed
both to conceptualize and measure electronic health information
exchange between health entities in a large regional healthcare
system in Ontario, Canada, and to test the reliability of the col-
lected data.3. Methodological approach to develop the ontology
In this paper we describe the conceptual framework of health
system information exchange and its related ontology. We conﬁrm
the veracity of the framework using Protégé 4, an open-source
OWL Web ontology language editor and knowledge-base frame-
work (Stanford Center for Biomedical Informatics Research,
Version 4.1.0 Beta, 2011, from http://protege.stanford.edu).
HermiT Reasoner, a semantic rules engine (Information Systems
Group, Department of Computer Science, University of Oxford,
Version 1.3.6, 2011, from http://hermit-reasoner.com), was used
for classiﬁcation and rule validation.
The process of designing the ontology was iterative. First, a
review of the literature and an informal conceptualization of a
measurement model were used to derive a formula to calculate
an individual organization’s interoperability score (the electronic
health information exchange indicator or eHIE – the explanation
of which is outside the scope of this paper). We populated the
ontology with instances from a health region to validate that the
ontology is a fair representation of the real world [10]. All data col-
lection received ethics clearance from the authors’ university
Research Ethics Board in accordance with protocols for research
with human participants, including informed consent.
The ontology (referred to here as Health Exchange
Interoperability Ontology or HEIO) provides a permanent artefact
of the speciﬁcation of each of the concepts in the measurement
model, and allows for a more explicit visualization of the model
and instances. Access to the OWL version of the HEIO ontology is
available at BioPortal: HEIO v1.15 http://bioportal.bioontology.
org/ontologies/HEIO. An adaptation of CamelCase is used through-
out, whereby all class and compound class names start with a cap-
ital letter for each word with no spaces between them. The naming
convention for properties is similar except that the ﬁrst letter of
the ﬁrst word is not capitalized [36]. In some cases, class names
used in HEIO are modeled after the class structure from the original
source i.e. the type of information classes reﬂect Canada Health
Infoway’s Blueprint [37], or were given class names that reﬂected
common and recognizable terminology i.e. application classes.3.1. An informal model of electronic health information exchange
An informal conceptual model of electronic health information
exchange between a system of regional healthcare providers was
developed based on an iterative process of brainstorming, refer-
ence to literature, and consensus development. A representation,
using IHMC  CMap Tools (v5.04.02, Florida institute for Human
& Machine Cognition available from http://www.ihmc.us/cmap-
tools.php) is provided in Fig. 1.
Fig. 1. Conceptual model of electronic health information exchange.
Table 1
Health entity categories in a regional healthcare system.
Health entity class Sub-classes
HospitalEntities Teaching, Community, Small,
Complex Continuing Care/
Rehabilitation, Mental Health (5)
PrimaryCareEntities Solo Practice, Group Practice, Family
Health Group, Family Health Team,
Family Health Network,
Comprehensive Care Model, College
Health Services, Community Health
Centre, Government Service
PhysicianSpecialistEntities Solo Practice, Group Practice
DiagnosticServicesEntities Imaging, Laboratory
ResidentialCareEntities Long Term Care, Nursing Home,
Palliative Care
CommunityBasedHealthServiceEntities Community Counselling, Mental
Health Clinic, Pharmacy, Sport
Medicine Clinic, Treatment Services
CommunityCareAccessCentreEntities Community Care Access Centre
PublicHealthUnitEntities Public Health Unit
EmergencyMedicalServiceEntities EMS
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classes, and properties, a lay naming convention is used in the fol-
lowing explanation of terms. The rationale and derivation of each
deconstructed component in the model is described below.
Within a regional healthcare system numerous health entities
contribute to the delivery of care to patients/clients (see Table 1
for the region studied). A health entity refers to any individual,
group of individuals or organization with a uniﬁed governance
structure, which provides care in a healthcare system. A health
entity might be a solo family physician, a laboratory with multiple
locations, or a group of registered health professionals providing
healthcare services in the community.
Referring to Fig. 1, our conceptual model focuses on the mea-
surement of individual health entity’s interoperability (eHIE), rep-
resented by the sending and receiving of electronic health
information to other health entities within a regional healthcare
system. The model decomposes electronic health information
exchange into its derivative concepts. A method by which each of
the information exchange concepts can be measures is also
proposed:
1. Information Characteristics (Type of Electronic Health
Information): Forsythe and colleagues’ [38] categorization is
used to describe the nature of the information contained in
medical records and hospital information systems. Each Type
of Information can be either sent and/or received by the
Health Entity and has the following characteristics:i. Diversity: describes the array of different types of information
shared electronically. It is modeled after the Canada Health
Infoway Blueprint [37] that refers to common clinical applica-
tions and is consistent with other researchers’ conceptualiza-
tion of clinical data categories appropriate for health
172 J. McMurray et al. / Journal of Biomedical Informatics 56 (2015) 169–178information exchange. Nine information categories or
sub-classes of the Type of Information class contribute to
the diversity of information being digitally exchanged. The
greater the number of Types of Information exchanged, the
greater the Diversity score:
a. Patient/client
b. Medication
c. Laboratory
d. Diagnostic imaging
e. Inpatient/outpatient
f. Public health
g. Referral
h. Problem list/history
i. Scheduling
ii. Breadth: refers to the ratio of health entities with whom clin-
ical information is being shared electronically, to all those
with whom information could be shared (electronic or other-
wise). For instance, a primary care practice group that refers
patients to a pool of 200 specialists, but where the practice
is only electronically connected to 20 of those 200 specialists,
would have a Breadth of 10%.
iii. Volume: refers to the ratio of the total amount of information
that is being shared electronically to the total volume of
information that could be shared (electronic or otherwise).
The information ﬂow may be quantiﬁed in a number of ways
depending upon the goals of the performance management
system. In healthcare, the volume of information ﬂows vary
considerably by information type due to a variety of factors
such as IT funding, system-level strategy, and adoption by
user communities. Volume is therefore restricted by the type
of information being exchanged in the electronic message
and ranges from zero to 100% of the total information being
shared. Thus if a provider determines that only half of all
information that should be shared electronically is being
shared, then the volume is 50%.
2. Depth: The depth of technical sophistication a Health Entity has
to receive digital messages will determine the level of human
intervention needed to complete the transaction. Depth is mea-
sured by the construct’s structure & standardization:
i. Structure of a message refers to the syntactic interoperability
of messages, where data is unambiguously deﬁned by a com-
mon structure and format that is capable of being
exchanged. Unstructured data can be electronically trans-
ported and is machine readable, but the lack of structure
means it is impossible for the receiving machine to automat-
ically organize the data upon receipt. Structured data uses
markup or particular formats such as HL7 or DICOM stan-
dards in the healthcare sector. This provides a common syn-
tax or set of rules for disparate systems to send data, and
receiving systems to organize data. Note, however, that this
does not guarantee a shared interpretation of the meaning
of the exchanged data. For example, structure implies that
both systems exchange data information in a standard for-
mat (e.g. yyyyddmm), but Structure alone is not sufﬁcient
to assess whether the date is an admission or a discharge
date.
ii. Standardization refers to the degree of semantic interoper-
ability of exchanged messages. Semantically interoperable
systems are able to electronically exchange data that is uni-
versally interpreted by both originator and receiver systems
(and thus is correctly acted upon); it is bothmachine readable
and machine interpretable. Controlled vocabularies like the
Systematized Nomenclature of the Human and Veterinary
Medicine Clinical Terms or SNOMED CT, classiﬁcationsystems (such as the International Classiﬁcation of Diseases
or ICD), and coding systems (such as Logical Observation
Identiﬁers and Codes or LOINC) are used to enable shared
meaning. Without standardization, messages may be digi-
tally transportable and human-readable, however they are
not machine-interpretable. For instance there are multiple
ways of referring to blood pressure values in EMR applica-
tions such as ‘‘120/80’’, ‘‘OK’’, or ‘‘under control’’, but unless
receiving applications are able to understand the intent of
the sender they are unable to act on the information.
3. Connectivity: Deﬁnes the Health Entity’s capacity to share infor-
mation on a 1:1 basis between organizations (such as an elec-
tronic data interchange connection between a laboratory and
a physician), or on a 1:m basis (such as diagnostic imaging
information posted on a hospital portal for retrieval by numer-
ous providers). Generally, greater interoperability is achieved
when providers are exchanging electronic data with multiple
providers.
4. Impact: Refers to the inﬂuence a particular Health Entity might
have on a region if its clinical information exchange was digi-
tized. It combines a score for the number of patients/clients
served, and the number of potential information exchange part-
ners a provider has in a year. Thus a commercial laboratory
would be expected to have a bigger Impact score than a small
surgical practice.
3.2. Formalizing the model into an ontology
The design of the ontology was further informed by a question-
naire and interviews that were used to collect information from
data originators and data consumers from the healthcare region.
A ﬂexible, iterative process was used. Using Protégé 4, a formal
ontological model of the domain was developed that included nat-
ural language annotations created for all classes, objects and data
properties. Health Entity and Type of Information were the super
classes. To optimize the value of the ontology and demonstrate
its extensibility, where appropriate we mapped HEIO concepts to
the deﬁned terminology of the Systematized Nomenclature of
Medicine – Clinical Terms (SNOMED-CT).
The ontology was extended to incorporate performance evalua-
tion concepts (Evaluate Classes), and concepts to facilitate the reli-
ability testing of self-reported data with a separate but related
database (Application Type and Application Vendor). Table 2 iden-
tiﬁes Supplementary classes for evaluation and reliability testing,
and Table 3 outlines the objective properties of the Health
Entities. All Datatype properties are included in Appendix A.4. Value-added uses of the ontological approach
4.1. Ontology use for measuring individual provider’s exchange
activity
With the ontology created, we gathered self-reported electronic
health information exchange data from 182 of 519 providers in a
healthcare region. The data collected described the exchange activ-
ities of each individual provider under the conceptual concepts
outlined in Fig. 1 namely the Volume, Breadth, Type and
Diversity of Information, the Depth and Connectivity of exchanged
information, and the Impact. The data were manually entered into
a database using SPSS (17.0.2., SPSS Inc., Chicago, IL) and a script
written to import the data into the ontology. No logic inconsis-
tency was detected for all instances suggesting that the ontology
adequately conceptualized the real-world entities and their rela-
tions, and that there were no logically conﬂicting classes.
Table 2
Supplementary classes for performance evaluation & reliability testing.
Class Sub-classes Example No. of
sub-
classes
Application
type
Type of clinical software
applications and technologies
installed and used and that
contribute to the suite of
applications which in their
aggregate are referred as ‘‘health
information systems’’,
‘‘electronic health record’’,
‘‘electronic medical record’’
Abstracting,
Browser,
Microbiology
55
Application
vendor
Application vendors are the
ﬁrms or organizations which
supply the particular software
application/digital functionality
to the Health Entity
[Names withheld]
Evaluate
classes
Health Entity classes categorized
by various scores
High Integration
Entities, Digitally
Connected Entities
23
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activities of each of the health entities which submitted data, a
number of new classes were created. Individual instance’s proper-
ties are inferred from their class associations as determined by
their data and object property rules. For instance, we captured
instances whose interoperability scores (eHIE) were deemed to
be ‘‘high’’ (rule: eHIE > 0.5 out of a possible 1) or ‘‘low’’
(eHIE 6 0.5) in new classes called ‘‘HighInteroperabilityEntities’’
and ‘‘LowInteroperabilityEntities’’. The names and descriptions of
these new classes are included in Appendix B.
Health Entities’ data are displayed in the Individual’s pane,
along with the values associated with the data property assertions
(see Fig. 2). Here we are able to determine that Health Entity
#2099 (HE2099) is a specialist physician in a solo practice (‘‘Orga
nizationType’’ = 13) operating out of [city withheld] who is
exchanging clinical health information outside their organization.
They are not sending any clinical information (‘‘SendConnectivit
y’’ = 0, ‘‘VolumeSend’’ = 0) but they are receiving information that
is viewable and editable online (‘‘hasReceivingDepth’’ = 2). From
their responses to the pilot survey the ontology has automatically
made HE2099 a member of a number of classes such as ‘‘Digitall
yConnectedEntities’’ and ‘‘LowInteroperabilityEntities’’ (see
Appendix B for descriptions).
Beyond automatic classiﬁcation of new classes, properties and
instances, the ontology has a number of applications which help
to understand and better visualize relationships between the con-
cepts in our model.4.2. Ontology use for visualization of regional health information
exchange
The HEIO ontology may also be used for regional analysis and
planning purposes. Few health systems are sufﬁciently resourcedTable 3
Objective properties of health entity classes.
Label Deﬁnition
isReceivedBy Property deﬁnes the relationship between TypeElectronicHealthInformati
received by HealthEntities (range) (inverse of isReceiving)
isReceiving Property deﬁnes the relationship between HealthEntities (domain) receiv
TypeElectronicHealthInformation(range) (inverse of isReceivedBy)
isSending Property deﬁnes the relationship between HealthEntities (domain) sendin
TypeElectronicHealthInformation(range) (inverse of isSentBy)
isSentBy Property deﬁnes the relationship between TypeElectronicHealthInformati
by HealthEntities(range) (inverse of isSending)to fund the investments needed to support the most basic
exchange activities, let alone semantic interoperability [39]. A
summative measure was calculated for Health Entities that esti-
mated their Impact based on their patient numbers, and the num-
ber of exchange partners. The use of the inference engine or
reasoner allows for quick and accurate identiﬁcation of Health
Entities with a high Impact but low Interoperability score, and
could assist planners and policy-makers to prioritize investments
into systems that will optimize improvements and adoption.
Fig. 3 demonstrates a method of identifying such an opportu-
nity. OntoGraf is a Protégé plug-in that creates a visual represen-
tation of classes, their properties and relationships, and instances.
It is used here to visualize ‘‘High Impact Entities’’ and ‘‘LowIntero
perabilityEntities’’ and their class relationships. Both are expanded
to include their instances. Individuals identiﬁed as being a member
of both subclasses were immediately visible as members of both
classes. Further expanding the individual, in this case Health
Entity #1149, the OntoGraf image reveals that the individual is a
member of the Primary Care group, is a Family Health Team, and
is exchanging information electronically. But while Health Entity
#1149 is both sending and receiving information, the breadth
and volume is small enough for the entity to be classed as
‘‘LowInteroperability’’.4.3. Data testing and validation using the ontology
Outside of the hospital sector, there are few health entities in
the jurisdiction where this study was undertaken that collect and
publicly report quality improvement performance measures. For
this reason, we restricted our sample for ontological testing of data
quality to Hospital Entities for whom there is a history of
system-level measurement of constructs related to technology
and health information exchange, development of measurement
indicators, and published data [40–42]. Our goal was to determine
whether a related but different database could be used to triangu-
late the quality and reliability of self-reported data collected for
this study and imported into the ontology.
Data collected for this study was cross-validated against data
collected independently by the jurisdiction’s hospital association.
The hospital association regularly polls its members to capture
information related to clinical system capabilities and EHR adop-
tion. We were given permission to extract the data for all seven
regional hospitals that participated in our study. This data included
information on 63 possible clinical applications/solutions (for sim-
plicity referred to as applications in this ontology) used in partici-
pating hospitals, and details which hospitals report using them. In
addition, the database lists application vendors, and hospitals pro-
viding shared oversight for common applications. A representation
of the data relationships between objects in the hospital associa-
tion’s database as they are accounted for in our ontology, for
instance ‘‘ApplicationVendor’’ and ‘‘ApplicationType’’, is provided
in Fig. 4. The classes and relationships are explained in Appendix C.Domain Range
on (domain) being TYPEELECTRONIC HEALTH
INFORMATION
HEALTH ENTITIES
ing HEALTH ENTITIES TYPE ELECTRONIC HEALTH
INFORMATION
g HEALTH ENTITIES TYPE ELECTRONIC HEALTH
INFORMATION
on (domain) being sent TYPE ELECTRONIC HEALTH
INFORMATION
HEALTH ENTITIES
Fig. 2. Individual’s pane and data property assertions.
Fig. 3. Expanded classiﬁcation of high impact but low interoperability health entities.
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Fig. 4. Relationships between hospital association data classes and ontology classes.
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tionality they afford are required for information exchange. To
examine the quality of self-reported data used to populate our
ontology, we created a new subclass of Health Entities called ‘‘Co
nﬂictedHealthEntities’’. The syntax and natural language descrip-
tion for eight subclasses of ConﬂictedHealthEntities are outlined
in Appendix D. The constraints on these sub-classes represent log-
ical inconsistencies between data self-reported by the organization
in one database (for this study and the ontology), and that reported
in another database (for the hospital association).
Among the advantages of using an ontological approach is the
ability to exploit the power of a reasoner to identify data anoma-
lies. HermiT Reasoner was employed to infer class members of
ConﬂictedHealthEntities and its subclasses according to the con-
straints described in Appendix D, and to check for invalid data. In
total, three instances (HE 1025, HE 1026 and HE 1030) of potential
data incongruity for the sample were identiﬁed (see Fig. 5).
The instances suggest that one respondent (HE1025) reported
they send or receive electronic referral information, however they
were not linked electronically to any referring providers (according
to the information collected in the hospital association database).
Two other entities (HE1026 and HE 1030) reported that they send
or receive electronic patient information in our study, but accord-
ing to the information reported in the hospital association study
the reasoner imputed that they lack a local patient registry appli-
cation to collect and manage that data. While highly unusual, these
scenarios are indeed possible in the healthcare environment being
studied, and may indicate the need for changes to our constraints
rather than erroneous information. For example, in the case of
the ﬁrst example the providers could be making referrals via email.
Therefore, it should be noted that conﬂicts such as these inconsis-
tencies are nothing more than a red ﬂag that will require human
intervention and follow up.
As crude measures of data quality, the ontology provides an
opportunity to engage with individual respondents in
self-reported surveys to determine whether the inconsistency ismaterial. For this and other uses of this data checking functionality,
the surveyor would verify whether the inconsistency was a result
of (1) a transcription or data entry error, (2) misrepresentation of
capabilities in either survey, (3) semantic discrepancies in survey
questions or terminology (perhaps due to different people com-
pleting each survey, (4) temporal differences in survey completion
such that one was completed later and therefore better reﬂects the
status quo, (5) incorrect assumptions regarding mapping of ontol-
ogy properties, or (6) new technology or erroneous assumptions
which require adjustment of the HEIO ontology.
A thorough understanding of the constraints associated with
individuals in each sector, and the necessary applications which
facilitate the exchange of each type of information improves the
ontology’s accuracy in detecting data inconsistency. While not
deﬁnitive for all data types and all respondents in this study, the
ontology has demonstrated its potential for the application of auto-
matic inferencing to the visualization and validation of data.5. Discussion
In 2007, Overhage referred to the inevitably of a ‘‘network of
networks’’ that would transfer data between health information
systems, and called for the need to formulate common require-
ments and ‘‘general concepts’’ for these interfaces [43]. These gen-
eral concepts and common understanding of the who the actors
are in these networks, what their capacity is for sharing informa-
tion, and exactly howmuch information is being shared, are partic-
ularly important when measuring progress toward goals set by
policy makers and funding agencies, and being accountable to
stakeholders. The ontology developed for this study created a
vocabulary of terms in natural language and computable format,
sources of data and synonyms, and an archetype pattern for inter-
operability between health information systems that enable the
electronic exchange of clinical information between care providers.
To ensure the ontology is available for use and critique it has been
Fig. 5. Instances of conﬂicted health entities class.
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in the biological and medical domains [44].
A number of approaches were considered to model the elec-
tronic health information exchange domain. For instance,
entity-relationship (ER) diagrams are able to describe abstract con-
ceptual models and provide rich descriptions of entities, their rela-
tionships and attributes. However, ER diagramming is not
hierarchical, nor does it provide the reasoning support that is so
powerful when using an ontological approach. The ontological rea-
soner allows induction of novel information from the application of
inference rules. For instance, a new health entity can be captured
by the HEIO ontology, and the reasoner used to classify the new
entity to all appropriate classes as an ‘‘inferred entity’’ of those
classes. Furthermore, should class hierarchy or logic constraints
change in the future, these new rules will be automatically applied
to all relevant entities in the system.
Social network analysis is another approach that is effective for
visualizing patterns of information exchange and might be partic-
ularly useful analyzing what some sources refer to as interoper-
ability at the ‘‘enterprise’’ [16], ‘‘uniﬁed’’ [15], ‘‘universal’’ [45],
‘‘collaboration’’ [46], or ‘‘organization’’ [47,48] levels. This level of
interoperability represents systems where values, goals and work-
ﬂows are shared as freely as information, and as such are heavily
deﬁned by the activities and relationships between participants
within a network. Future research might warrant the extension
of the ontology using network analysis to map relationships
between Health Entities and better understand how networks or
coalitions with the regional health system are facilitating theadoption of information and communication technology to enable
electronic health information exchange.
We created a conceptual model of regional health information
exchange with a hierarchy of classes, and properties for each class,
describing various features and rules that enable the inference of
new knowledge. The ontology visualized the exchange, and was
used to check the logical consistency of self-reported data that
populated its ﬁelds. The latter functionality was an important com-
plement to the manual checks for outliers performed by the
researchers when inputting the collected questionnaire data.
Using the ontology, logical inconsistencies in the data are immedi-
ately visible if they violate the class and property constraints. The
ﬂexibility to extend a conceptual model and classify new concepts
(for example, new health entities that will provide care in the
future or novel types of clinical information such as DNA
sequences) is a hallmark of ontologies. This extensibility will allow
the ontology to change in response to a relentlessly changing
healthcare environment and also ensures that new deﬁnitions
and concepts are immediately updated across any ontology linked
to it currently, or in the future.
One of the reasons to gather data on the capability of individu-
als and systems to share health information electronically is to
help decision making where scarce ﬁnancial resources can be put
to the most productive use. The summative measure of regional
electronic health information exchange might be used to set
benchmarks that will allow policy makers and funders to compare
the progress of regions toward the goals of semantic interoperabil-
ity and seamless sharing of information. Outliers, particularly
J. McMurray et al. / Journal of Biomedical Informatics 56 (2015) 169–178 177those which by virtue of the number of patients they serve and the
number of partners with whom they exchange information, might
be targeted for information technology investments that have a
higher potential to impact the amount of information which is
exchanged electronically.
By identifying a related but separate database with instances
common to our survey (namely seven hospitals in the region of
interest), we were able to demonstrate how the ontology might
be used to further test the validity and quality of collected data.
Our ontology and reasoner was able to successfully identify hospi-
tals which had reported the electronic sharing of certain types of
clinical information, but which had not reported the presence of
applications which are believed to be required for that functional-
ity. Much of the performance data collected from the healthcare
sector is self-reported, not automatically generated. Executing
audits for logical consistency between databases of self-reported
data using ontologies and reasonsers could signiﬁcantly increase
the productivity and accuracy of data validation.
6. Conclusion
Our goal was to develop a clear and unambiguous conceptual
model of regional clinical electronic information exchange
between healthcare providers. The HEIO ontology provided a com-
putational model, allowed for visualization of the model and
instances, and was used to validate a subset of the collected data
using a different but related database.
Extensions to this work offer the valuable prospect of supporting
the quantitative measurement of the extent to which a health sys-
tem is integrated (as deﬁnedby the extent towhichpatient informa-
tion moves seamlessly between entities in support of the patient’s
journey). Such a measure is currently lacking with the consequence
that it is impossible to make informed decisions about information
investment strategies or to assess the impact of previous invest-
ments. The ability to layer a measurement approach onto an onto-
logical framework offers the opportunity to measure performance
in real time. There are also excitingopportunities emerging fromthis
work for innovative strategies to improve data quality. One promis-
ing exploration would be to assess whether using a reasoner over
ontologically organized data could outperform traditional
edit-check routines in ﬁnding data anomalies.
Clear communication of concepts, models, validation of data
and visualization of the domain of interest all improve the likeli-
hood that the measurement of complex concepts such as interop-
erability can be communicated, understood, accepted by
stakeholders and adopted for use.
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